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Abstract: Recent studies have enhanced the mapping performance of the local climate zone (LCZ),
a standard framework for evaluating urban form and function for urban heat island research,
through remote sensing (RS) images and deep learning classifiers such as convolutional neural
networks (CNNs). The accuracy in the urban-type LCZ (LCZ1-10), however, remains relatively low because
RS data cannot provide vertical or horizontal building components in detail. Geographic information
system (GIS)-based building datasets can be used as primary sources in LCZ classification, but there is
a limit to using them as input data for CNN due to their incompleteness. This study proposes novel
methods to classify LCZ using Sentinel 2 images and incomplete building data based on a CNN classifier.
We designed three schemes (S1, S2, and a scheme fusion; SF) for mapping 50 m LCZs in two megacities:
Berlin and Seoul. S1 used only RS images, and S2 used RS and building components such as area and
height (or the number of stories). SF combined two schemes (S1 and S2) based on three conditions,
mainly focusing on the confidence level of the CNN classifier. When compared to S1, the overall
accuracies for all LCZ classes (OA) and the urban-type LCZ (OAurb) of SF increased by about 4% and
7–9%, respectively, for the two study areas. This study shows that SF can compensate for the imperfections
in the building data, which causes misclassifications in S2. The suggested approach can be excellent
guidance to produce a high accuracy LCZ map for cities where building databases can be obtained, even if
they are incomplete.
Keywords: local climate zone; urban climate; convolutional neural networks; building information; Sentinel
1. Introduction
Due to the rapid growth of urbanization since 1950, over 55 percent of the world’s population resides
in urban areas, as of 2018 [1]. The migration of the world’s population toward urban areas significantly
increases impervious surfaces that absorb solar radiation and reduce convective cooling [2,3]. The stored
heat makes the urban areas have a higher temperature than rural surroundings [4–7], a phenomenon
called an urban heat island (UHI). UHI, a leading threat to urban residents, exposing them to
higher heat stress and more greenhouse gas emission problems [8], has been analyzed based on
various approaches using numerical models or remote sensing (RS) data combined with land cover
data, which separate urban areas from their surroundings [9,10]. However, typical land cover
products (i.e., moderate resolution imaging spectroradiometer (MODIS) land cover [11] and GlobCover
2009 dataset produced by ESA [12]) have a limited number of classes related to the urban surface.
Thus, the different urban structures in various cities are not easily analyzed with the existing land
cover products.
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To overcome the problem, Stewart and Oke introduced the local climate zone (LCZ), an urban-specified
classification system [13]. The LCZ is composed of ten urban-type LCZ classes (LCZ1-10) and seven
natural-type classes (LCZA-G; Figure 1). The classification criteria of each class are based on their properties:
surface structure (e.g., building height and sky view factor), surface cover (e.g., impervious surface fraction),
thermal and radiative characteristics (e.g., surface admittance and albedo), and metabolic information
(e.g., anthropogenic heat output) [13]. In particular, the building height is the primary criterion for
determining LCZ classes among the ‘high-rise’, ‘mid-rise’, and ‘low-rise’.
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Figure 1. The local climate zone (LCZ) classes with ‘urban-type’ (LCZ1-10) and ‘natural type’ (LCZA-G)
and the characteristics of each class in urban climate research (from Bechtel et al., 2017 after Stewart
and Oke, 2012),© CC-BY 4.0.
To obtain the LCZ of a city, there are two primary classification methods: (1) using the geographic
information system (GIS) [14–16]; and (2) using RS datasets [17,18]. The GIS-based methods collect
the building information and geographical features of a study area and then calculate all factors of
LCZ classification criteria. Building information is usually obtained from the national geospatial
information authorities or OpenStreetMap (OSM) building footprint data [16,19]. Since the GIS-based
methods divide LCZ classes based on th physic l properties of b ildings and urban geography
in detail, they often result in high classification accuracy [15,20]. The main disadvantage of the
GIS-based methods, however, is that t ey heavily depend on the accessibility and quality of building
and other urban GIS data, which greatly vary between urban areas [20]. Some cities do not have building
information as a GIS layer, and some others have building layers but do not update regularly [19].
In Europe, for example, the 10 m resolution rasterized building height layers, called Urban Atlas Building
Height 2012 (BH2012), are provided for thirty European cities [21]. Unfortunately, the data coverage
is limited within each city boundary excluding data outside the city boundary (i.e., suburban areas).
Besides, there are many regions where the BH2012 values are zero even if buildings exist, a critical
limitation for classifying LCZ solely from such building height data.
Another widely used method for LCZ classification is using RS imagery based on machine learning
algorithms. Bechtel et al. suggested the World Urban Database and Portal Tool (WUDAPT) approach,
which is a general LCZ mapping method based on Landsat data and the random forest (RF) classifier [22].
Local experts who have deep background knowledge of each city use high-resolution Google Earth
images to extract LCZ reference samples as polygons. These polygons are converted into the raster
format for LCZ classification based on RF machine learning. The advantage of WUDAPT is that it uses
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freely accessible RS datasets, adopts a relatively simple method, and is suitable for the regions where
GIS data are unavailable or incomplete [15]. Many kinds of research followed the WUDAPT approach
to produce LCZ maps of various world cities [15,23–26] and shared their reference polygons through
the WUDAPT portal (http://www.wudapt.org) [9]. According to the WUDAPT database, while the
averaged overall accuracy (OA) of LCZ maps over 90 cities in the world was 74.5% based on the
RF method, the averaged OA of only urban LCZ classes in those cities was 59.3%. Therefore, the accuracy
of LCZ classification could be further improved, especially for the urban-type LCZ classes, by adopting
advanced modeling techniques such as deep learning [18].
Recent studies have applied deep learning approaches to further improve LCZ classification skills
using RS data, which bring convolutional neural networks (CNN) into prominence [7,17,27]. Since CNN
extracts important spatial features including contextual information from medium-resolution
RS imagery, such as Landsat 8 and Sentinel 2, it has proved to be effective in the urban-type
LCZ classification [18,27]. In particular, Yoo et al. compared the performances of RF and CNN
classifiers for LCZ classification in four mega-cities (Rome, Hong Kong, Madrid, and Chicago) using
bitemporal Landsat 8 images [18]. They revealed that CNN showed a 6–8% increase in overall accuracy
(OA) compared to WUDAPT workflow (i.e., RF method), while the accuracy for the urban-type classes
(OAurb) increased by 10–13% for all four cities. Furthermore, some CNN-based studies used auxiliary
data such as urban footprint and OpenStreetMap (OSM) building layers, together with RS data as
input variables to improve the LCZ classification accuracy [17]. There are, however, no studies that
have used vertical components (i.e., height or number of stories) and horizontal components (i.e., area)
of buildings as the main input data of CNN. In fact, it remains very challenging for deep learning to
process incomplete information about buildings, which are not spatially seamless unlike RS data.
This present study, therefore, proposes a novel CNN-based LCZ classification approach that
can effectively use incomplete building components, along with satellite data, to achieve significant
accuracy improvement over two megacities: Berlin, Germany, and Seoul, South Korea. We designed
three different schemes: scheme 1 (S1) only uses Sentinel 2 RS data; scheme 2 (S2) uses both RS data
and vertical and horizontal building components as input layers to CNN; and scheme 3 (SF) fuses S1
and S2, with proposed assumptions to compensate for the incompleteness of building components.
The remaining parts of this paper are organized as follows. Section 2 presents the study area and the
data used. Section 3 introduces the methods in detail, including the framework of the three schemes
(S1, S2, and SF). In Section 4, the classification accuracy and the LCZ mapping results of the three
schemes are compared and discussed. Finally, Section 5 presents the conclusion of this study.
2. Study Area and Data Processing
2.1. Study Area
The study areas are Berlin and Seoul (Figure 2), the capital cities of Germany and South Korea,
respectively. Berlin is situated in Northeastern Germany (52.5◦N, 13.4◦E) with a population of more
than 3.7 million inhabitants within an area of 892 km2 in 2019. It has a maritime temperate climate (Cfb)
according to the Köppen’s climate classification with an annual mean temperature and precipitation of
9.5 ◦C and 591 mm, respectively, in 1981–2010 (German Weather Service; the Deutscher Wetterdienst).
Berlin is heavily urbanized with about 35% built-up areas and 20% transport and infrastructure areas.
In addition, the topography is mainly flat and it has a monocentric urban structure with more compact
buildings toward the center of the city.
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Figure 2. Study areas of Berlin (a) and Seoul (b) with the local cli ate zone (LCZ) reference ata.
Seoul is located in the northwestern part of South Korea and covers an area of 605 km2. It is one of
the most densely populated cities with over 10 million people. The climate of Seoul features a humid
continental climate (Dwa) with wet summers and dry winters. According to the Korea Meteorological
Administration (KMA), the annual mean temperature and precipitation in Seoul were 12.5 ◦C and
1450 mm in 1981–2010, respectively, and more than 60% of precipitation is concentrated in summer due
to the East Asian monsoon. Urbanization in Seoul has proceeded rapidly since the 1980s, showing an
uneven spatial distribution of development. Seoul has a more heterogeneous and complex urban
context than Berlin. These two study areas have different climatic characteristics and urban structures,
which enables us to evaluate the robustness of the proposed approaches.
2.2. LCZ Reference Data
The LCZ reference polygon data of Berlin were obtained from WUDAPT. For some classes with
fewer polygons than ten, additional new reference polygons (i.e., two for LCZ2, six for LCZ4, five for
each LCZ5 and 9, and three for LCZC in Berlin) were extracted to make the proposed model more robust.
The Berlin LCZs are composed of six urban-type LCZs (LCZ2, 4–6, 8, and 9), and six natural-type LCZs
(LCZA-D, F, and G). For Seoul, reference data were sampled manually following the method suggested
by Bechtel et al. [22]. Since Seoul has a more compact and heterogeneous urban form than Berlin, we
sampled relatively small patches of LCZ classes as reference polygons (Figure 2b). The Seoul LCZs
consist of seven urban-type LCZs (LCZ1-6 and 8) and four natural-type LCZs (LCZA, B, D, and G).
The LCZ reference polygons were randomly divided into two sets: one for training the model and the
other for testing model accuracy. We tried to equally divide the two sets considering both the total
number of polygons and the areas they cover for each LCZ class. Even though the recommended
minimum area of one LCZ polygon is about 0.125 km2 [13], some LCZ classes have a small number of
reference polygons (less than six) that cover areas of only 0.1 km2 (i.e., LCZF for Berlin, and LCZ1 and
6 for Seoul). As some LCZ classes have only a few polygons, it is not desirable to divide them into
training and testing sets, often leading to the biased training of the model. Therefore, those classes were
labeled ‘red-star’ classes (Table 1), and we extracted the training and testing data within each polygon
based on the stratified random sampling approach [18]. Considering the suggested appropriate LCZ
mapping scale (30–500 m resolution) and prior research to find the optimal scale [22,28], 50 m was
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selected as the LCZ mapping scale for the two cities. Finally, all LCZ reference polygons were rasterized
to grids with 50 m resolution. The number and area of polygons of the two sets for each LCZ class for
the two cities are summarized in Table 1.
Table 1. Training and test datasets of each LCZ type for Berlin and Seoul. The values in the
training and test columns represent the number of polygons. The number of the corresponding pixels
(50 m resolution) is shown in parentheses. * is assigned to the red-star classes, which have only a few
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2.3. Satellite Input Data
Sentinel-2A, launched on 23 June 2015, collects data at 13 bands including the visible and near
infrared (VNIR) and shortwave infrared (SWIR) with a spatial resolution of 10–60 m. The Sentinel-2A
Level-2A (L2A) images for each city were downloaded from Copernicus Open Access Hub
(https://scihub.copernicus.eu/). The acquisition dates of the clear-sky Sentinel-2A data are 24 May 2019
for Berlin and 3 May 2019 for Seoul, respectively. Among all bands, VNIR (i.e., bands 2-8) and two
SWIR (i.e., bands 11–12) bands were used to classify LCZ, and bands with spatial resolution over 10 m
were bilinearly resampled to 10 m in this study.
Landsat 8 Land surface temperature (LST) data, which showed consistent variations within the
LCZ classes in the previous studies [24,29], were also used in the present study. Landsat 8 data with 30 m
spatial resolution were downloaded from the USGS Earth Explorer (https://earthexplorer.usgs.gov/).
LST was retrieved by the single-channel algorithm from atmospherically corrected thermal band
10 using Fast Line-of-sight Atmospheric Analysis of Spectral Hypercubes (FLAASH). A detailed
description of retrieving LST can be found in Essa et al. [30]. The one clear-sky LST data for each
city were used in this study (i.e., 20 May 2018 for Berlin and 9 May 2018 for Seoul), and they were
resampled to 10 m grids using bilinear interpolation.
2.4. Building Data
For Seoul, the building shapefiles are updated every month by the Ministry of Land, Infrastructure
and Transport since December 2015. The building shapefiles updated in March 2019 were obtained
from the Korea National Spatial Data Infrastructure portal for Seoul (http://data.nsdi.go.kr). For Berlin,
the building footprints updated in July 2017 were downloaded from OpenStreetMap (OSM) website
(https://www.openstreetmap.org). The building data from OSM could be freely downloaded for
non-commercial purposes. After the building areas were calculated using polygons, the building
data were rasterized to 10 m resolution for each city (i.e., horizontal layer). In Seoul, the downloaded
building shapefiles include the height and the number of stories of each building. Among the two,
the number of stories was selected as the vertical layer for Seoul, because the missing rate of building
height is higher than that of the number of stories. On the other hand, the building height of Berlin in
2012 was taken from BH2012 with a 10 m spatial resolution (https://land.copernicus.eu). To obtain only
the height values of actual buildings, the BH2012 data were extracted using the OSM building shapefile.
Note that there is a temporal discrepancy between the building footprints and height information
for Berlin.
3. Methodology
3.1. Convolutional Neural Networks (CNN) Classifier
CNN has been widely used in the land cover classification field in recent years [31–36]. The advantage
of CNN is that it can extract the important spatial features from data without prior knowledge, instead using
manually defined spatial features. A typical CNN consists of convolutional layers, pooling layers,
and fully connected layer(s) to classify each input image into a single class. In convolutional layers,
convolutional filters are optimized to reflect the significant spatial features of the input images.
The convolution operation is adopted as a moving window conducting the dot product between the
convolutional filters and local regions of the previous layer. Pooling layers return the representative
values (i.e., mean or maximum) of the given window. When a k × k pooling layer is adopted, the spatial
size of the data is reduced by a factor of k. We used the max-pooling layer, which is widely used in the
land cover classification using CNN [18,37–40]. The pooling layer has some advantages including the
invariance to scale difference, the robustness to the noise, and the reduced computational cost [41].
The combination of convolutional and pooling layers is shown as a spatial feature extraction part in
Figure 3. Finally, the fully connected layers convert 2-D spatial features into 1-D vectors to conduct the
classification as a multilayer perceptron model does. We used the softmax function that converts the
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output of the last fully connected layer into the probability of each class (equation 1), assigning the








for i = 1, . . . , K (1)
where yi is the final result from the output layer for each LCZ class and K is the total number of LCZ
classes for each city.
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Figure 3. The structure of t olutional neural network (CNN) model in his study.
Cross entro y, a widely used loss function that computes the loss between the softmax probability
and true label over multiclass classification was adopted in this study (Equation (2)).
Cross entropy loss = −y·logŷ + (1− y)·log(1− ŷ) (2)
where y is the one-hot encoded true label and ŷ is the probability vector fro the softmax function.
The optimizati process minimizes the loss of cross entropy finding the b st weights of the model by
the iterative approach. As the adaptive moment estimation (Adam) is generally used as an optimizer
in the classification model due to its faster and stable convergence during the training process [42],
we adopted Adam in this study. The nonlinearity of neural networks is from the stacking of nonlinear
activation functions. The rectified linear unit (ReLU) is a simple nonlinear function, which returns
the identity function at the positive value and zero at the zero or negative value. The simplicity of
ReLU can lead it to be more computationally efficient than other activation functions. ReLU also
has a faster convergence trend than others, which means that it can achieve a lower loss in fewer
iterations [43]. For these reasons, we used the ReLU as an activation function in all convolutional and
fully connected layers.
To find the optimal structure and hyperparameters, the heuristic processes are typically used
considering both performance and efficiency. After multiple trials changing the structure and
hyperparameters (not shown), we used four convolutional layers with 32 filters of 3 × 3 size, two 2 × 2
max-pooling layers after the second and fourth convolutional layers. A fully connected layer with
256 nodes was used after the second max-pooling layer. Finally, the output layer corresponds to the
number of LCZ classes. To accelerate the process of both training and classification, an Nvidia GTX
1080Ti graphical process unit (GPU) with 11 GB of memory was used. To train the model, 250 epochs
with 256 batch size were taken.
3.2. LCZ Mapping Strategies
We proposed three schemes (S1, S2, and SF) based on CNN with different input variables, to classify
LCZ for Berlin and Seoul. Through a multitude of tests, the optimal size of 10 m resolution input
features fed into CNN was selected as 55 × 55 for Berlin, and 33 × 33 for Seoul, which cover the focus
center LCZ pixel (50 m resolution) and its surrounding area. The reason why the small size of input
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features is more suitable in Seoul compared to Berlin might be due to the complex and compact urban



























To  deal  with  these  imperfect  vertical  building  components  in  the  training  process,  we 
implemented the following procedure. First, the 50 m LCZ map produced in S1 was resampled to 10 
m. Based on the 10 m LCZ map, the mean building heights (or the number of stories) of each LCZ 
class were calculated  from  the vertical  layer.  In  this step, only buildings with height  information 
Figure 4. Schematic diagram of this study showing input variables and processes of each scheme.
Sche e 1 (S1) used 10 m resolution RS images with ten bands (i.e., nine Sentinel reflectances
and one Landsat-based LST) as input variables. To reduce the training time, each input image with
ten bands was spatially min–max normalized (0–1 range) before being fed into a CNN classifier [18].
fter the odel training, the 50 LCZ aps for the t o cities ere produced by S1.
Sche e 2 (S2) used t o building co ponents such as horizontal (area) and vertical (height or
nu ber of stories) layers—as the input variables, together with those of S1. There were, ho ever, regions in
which the building footprints exist but the height (or the number of stories) values were missing (Table 2).
Table 2. Missing rates of height values in the entire study area and in urban-type LCZ reference data.
Berlin Seoul
In whole area 34.6% 18.0%
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To deal with these imperfect vertical building components in the training process, we implemented
the following procedure. First, the 50 m LCZ map produced in S1 was resampled to 10 m. Based on
the 10 m LCZ map, the mean building heights (or the number of stories) of each LCZ class were
calculated from the vertical layer. In this step, only buildings with height information (Berlin) or
the number of stories (Seoul) larger than 0 were used for the average. Next, we defined the vertical
value–missing regions, in which height or the number of stories values were zero (or none), even if
buildings are located in the 10 m resolution vertical layer. The vertical value–missing regions were
filled with the calculated mean height or number of stories of the assigned LCZ class, based on the
S1 map. These simulated layers were called gap-filled vertical layers. A gap-removed horizontal
layer was also produced in cases where the vertical value was missing, and so the area value was
also removed.
The S2 was trained using the gap-filled vertical layer as the vertical component and the original
area layer as a horizontal component. For the testing and mapping processes, the original vertical layer
was used as a vertical component, and the gap-removed horizontal layer was used as the horizontal
component, to identify the effect of building imperfections in the model. All building layers were also
min–max normalized as the range of 0–1, except the missing (or zero) value. To be distinguished from
the actual building value, the missing regions were assigned as -0.01, which is outside the 0–1 range.
The input variables for S1 and S2 are summarized in Table 3.
Table 3. The input variables for S1 and S2.
RS-Based Data
S1 S2




Training Testing and Mapping
Vertical component Gap-filled vertical layer Original vertical layer
Horizontal component Original area layer Gap-removed horizontal layer
In S2, two different types of data-processing—gap-filling and gap-removing—were adopted
for training and testing datasets to use the horizontal and vertical components of the building data.
Since the gap-filled vertical layers could be virtual (not actual data), the gap-removal processing
was applied for test datasets to exclude the contamination of imperfect building data. Thus, for the
vertical value–missing regions, both horizontal and vertical information was deleted as if there were
no buildings there. There were also some regions in which the building footprints (i.e., shapefiles)
were not recorded in the first place, so neither horizontal nor vertical information was available.
Over those regions, CNN could be confused when satellite datasets detected the existence of building
based on the spectral characteristics of the land surface, but additional building layers have missing
values (i.e., -0.01). Thus, the mismatch between satellite images and ancillary building data could lead
to the confusion of CNN, making it hard to discriminate LCZ classes with a high confidence level in S2.
To solve this shortcoming, we developed a new scheme—the fusion of outputs from S1 and S2—and
named it scheme fusion (SF).
At first, the maximum values of softmax probability calculated for the final LCZ class assignment










in S2 LCZ map
SF was predominantly based on the outputs from S2, but it was substituted with the outputs from
S1 with the following conditions:
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• Condition 1: PS1 > PS2.
• Condition 2: If S1 is classified as urban-type LCZ (LCZ1-10), but S2 is classified as natural-type
(LCZA-G).
• Condition 3: If S1 is classified as compact urban-type LCZ (LCZ1-3) and PS1 is 1 (100% confident),
but S2 is not (LCZ4-G).
Condition 1 was based on the softmax probability, which connoted the confidence of each
model [34]. If PS2 is lower than PS1, it may be doubtful whether the addition of building data confused
CNN for LCZ classification. Condition 2 was based on the high quality of CNN classifier’s ability to
distinguish urban and natural-types, already verified in Yoo et al. [18]. Thus, S1 and S2 may yield
the same results on the question of whether urban (LCZ1-10) or not (LCZA-G). If, however, S1 and
S2 show different results as urban-type in S1 and natural-type in S2, then we should be cautious
about the possibility of misclassification in S2 because of the incomplete building information.
Condition 3 concentrated on the possibility of misclassification due to the partial removal or omission
of building information. If S1 classified a specific region as ‘compact’ (LCZ1-3) with its PS1 as 1
(100%) but S2 classified there as another class (LCZ4-G), we should consider whether the result of S2
is wrong. Since the classified result with PS1 as 1 is such a reliable result, if it changed to another class
in S2, we need to suspect that adding incomplete building information disrupted the CNN decisions.
Therefore, pixels of the S2 LCZ map, which fulfilled at least one of the above three conditions,
were replaced with the results of S1.
3.3. Modeling and Accuracy Assessment
Among training samples (i.e., training set), a randomly selected 10% of samples were used to
optimize the weights and biases in the CNN model. In this step in S1 and S2, the best parameters were
selected based on the overall accuracy (OA; Equation (3)) among 250 epochs. After the three schemes
were constructed (S1, S2, and SF), the separated test sets were evaluated. For an accuracy assessment,
three metrics were calculated: first the OA, then the overall accuracy of the LCZ classes only to
urban-types (OAurb; Equation (4)), and the overall accuracy of the urban versus natural LCZ types




















where Ni is the number of pixels classified as the ith LCZ class and Nci is the number of pixels correctly
classified as the ith LCZ class, Na and Nabuilt are the number of ground truths of all classes and only
built-up classes, respectively, and k and m are the total numbers of LCZ classes and total built-up classes.
In addition, we evaluated the F1-score (Equation (6)), which is a harmonic mean value of the producer’s
accuracy (PA) and user’s accuracy (UA) for each LCZ class to identify the classification performance
by class. The F1-score is a widely used matrix for LCZ modeling assessment because it represents how





3.4. Evaluation for the Regions of Missing Building Information
To identify each model’s capability to deal with the missing building information, we compared
the performance of the three schemes (S1, S2, and SF) using simulated test sets and the removal of
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building information. In other words, the regions where vertical and horizontal components exist
in the original test sets were randomly replaced by non-building values (i.e., −0.01) at six different
removal rates (0%, 20%, 40%, 60%, 80%, and 100%). Then, the accuracy of the simulated test sets was
compared by using the trained models of S1, S2, and SF.
4. Results and Discussion
4.1. Overall Accuracy Assessment
Table 4 shows the accuracy assessment results of S1, S2, and SF for Berlin and Seoul. S2 of
Seoul increased 3% in OA and 8% in OAurb compared to S1. The increase in the accuracy was much
larger than that of Qiu et al. [17], who reported that using OSM binary building data together with
Sentinel reflectance in residual CNN (ResNet) did not improve LCZ classification accuracy significantly
(only 1% increase in weighted accuracy) compared to that only using Sentinel datasets. Using the
quantitative building components (i.e., area and height) rather than the simple binary information
(i.e., building or not) is likely the reason for the greater accuracy for Seoul S2. It should be noted that
S2 of Berlin showed a slight increase in OA (1%), a slight decrease in OAurb (1.1%), but a significant
decrease in OAu (7%), when compared to S1 (Table 4). The opposite performance of S2 between Berlin
and Seoul might be caused by the different missing rate of building components used in S2 between
Seoul and Berlin. The missing rate of vertical values differed by city and LCZ classes (Table 2). Since the
height information of Berlin was only available within the city boundary, Berlin had higher missing
rates of height especially 100% for LCZ9 and 41% for LCZ8 that have many pixels beyond the boundary.
This kind of incompleteness might increase the possibility of misclassification when the building
components were added. Based on the S1 and S2 results for both cities, whether building information
benefits LCZ classification is dependent on the quality of the building data. If perfect building data
(100% accurate) were added, we would expect a significant increase in LCZ classification accuracy,
especially for urban-type LCZs. However, if building information is incomplete, there might be a
chance to decrease the accuracy of LCZ classification.
Table 4. Accuracy assessment results for S1, S2, and SF of Berlin and Seoul. The highest values of three
accuracy metrics (OA, OAurb, and OAu) are written in bold.
Scheme
Berlin Seoul
OA % OAurb% OAu% OA% OAurb% OAu%
S1 81.1 77.7 97.9 92.5 83.4 98.7
S2 82.1 76.6 91.2 95.9 91.2 96.9
SF 85.3 84.3 98.2 96.1 92.6 99.6
The proposed SF showed the highest values for all accuracy metrics (i.e., OA, OAurb, and OAu)
for Berlin and Seoul (Table 4). In particular, SF of Berlin showed a significant increase of 7% in
OAurb from its S1 OAurb, while S2 showed a slight increase in OAurb. Moreover, the drop in OAu
for S2 was recovered by 98.2% in SF of Berlin and 99.6% in SF of Seoul. This implies that the
proposed fusion method can compensate for the misclassifications of S2, caused by missing values
in building information, by selectively choosing the better results between S1 and S2 based on the
three conditions. These accuracies of SF are significantly better than those from the WUDAPT method
(OA of 68% and OAurb of 76% for Berlin and OA of 93% and OAurb of 64% for Seoul). In addition,
the OA of SF in Berlin is comparable with that from Rosentreter et al. (OA of 87.7%) [27], although each
map used a slightly different study coverage and had a different sampling technique.
Figures 5 and 6 show the F1-scores of each LCZ class and the confusion matrices of S1, S2,
and SF, respectively. Some LCZ classification studies based on CNN using RS data (almost the
same as with S1) have reported the limitations of those methods resulting in confusion within the
height standard (i.e., LCZ1-3 or LCZ4-6) or density standard (i.e., between LCZ1&4 or LCZ2&5
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or LCZ3&6) [18,27]. It should be noted that S2 showed a significant increase in F1-scores for urban-type
LCZ classes for both cities when compared to those of S1 (Figure 5). For Berlin, S2 improved the
LCZ classification, especially reducing the confusion between LCZ5 and other urban-type LCZ,
and reduced misclassification of LCZ6 to LCZ5 or LCZ9, which often occurred in S1 (Figure 6).
For Seoul, all urban-type LCZ classes were better discriminated in S2 than in S1. Fonte et al. reported
that only using binary OSM data combined with the WUDAPT method did not increase the classification
accuracy much within the urban-type LCZ [44]. To overcome this, S2 added building information,
such as height, to help discriminate LCZ classes from each other within urban types, while S1 revealed
the difficulties in discriminating them.






Figure 5. F1-scores of each LCZ class for the three schemes (S1, S2, and SF) in Berlin (a) and Seoul (b).
The asterisk (*) indicates the red-star classes.
All classes of Seoul, except LCZ8, had higher F1-scores for S2 than S1, while S2 of Berlin showed
a decrease in F1-scores in some classes when compared to S1 (Figure 5). For Berlin, LCZ4 and
LCZ8 showed higher F1-scores in S1 than in S2. S2 of Berlin and Seoul misclassified LCZ8 as
natural-type LCZs, LCZF, and LCZD, respectively (Figure 6). These misclassifications of urban-type
LCZ to the nature types might be attributed to high missing rates of building data, 100% for LCZ9
in Berlin, 41% for LCZ8 in Berlin, and 54% for LCZ8 in Seoul (Table 2). All reference samples of LCZ9
in Berlin had empty building height layers and all missing values were filled with no building data
(i.e., −0.01). This might lead to the misclassification from LCZ9 to the natural-type LCZB or LCZF.
The incomplete building information could have caused the misclassifications of urban-type LCZs to
the natural-type LCZs and decreased the classification accuracy of S2, especially in OAu.
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Figure 6. Confusion matrices of three schemes for Berlin and Seoul. The most accurate model results
are presented by percentages to the total numbers of ground reference data. The dashed box indicates
the urban-type LCZ classes.
It is not surprising that adding building information had little effect on improving classification
performance in natural-type LCZs. Natural-type LCZs of Seoul consistently showed high F1-scores in
all schemes, while F1-scores of Berlin for such LCZ classes were not as high as Seoul, but quite stable
in all schemes as Seoul except for LCZF (Figure 5). Some urban-type LCZs that were misclassified
as natural-type LCZs in S2 caused the decrease in F1-scores of natural-type LCZs. For example,
the misclassification from LCZ8 to LCZF in S2 of Berlin resulted in a decrease in F1-scores of LCZF.
Similarly, the confusion from LCZ8 to LCZD in S2 of Seoul caused a decrease in F1-scores of LCZD.
Except for these misclassifications due to incomplete building components as mentioned above,
there were minor differences between S1 and S2 about natural-type LCZs in both cities.
It should be noted that the classes that showed low F1-scores in S2 achieved high F1-scores
when SF was applied. The misclassifications of urban-type LCZs to natural-type LCZs found in S2
were reduced in SF and confusion within urban-type LCZs in S1 was also improved in SF (Figure 6).
Moreover, both cities had the highest F1-scores in SF for most LCZ classes when compared to S1 and S2.
This implies that the three conditions proposed in SF accurately detected the misclassifications caused
by incomplete building data and improved classification within urban-type LCZs. However, LCZ4 of
Berlin showed the highest score in S1, and LCZ5 of Seoul showed the highest score in S2 (Figure 5).
This implies that the three conditions of SF did not always guarantee the highest F1-score for every
class. The F1-scores of the red-star classes need to be carefully interpreted in Figure 6. For example,
there was no F1-score difference between the schemes for LCZ1 in Seoul. This might be due to the
positive bias in the test results as the test sets were randomly divided with training sets within one
polygon [18,28].
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4.2. Mapping LCZ for Three Schemes
Figures 7 and 8 show the 50 m resolution LCZ maps of Berlin and Seoul using the three schemes—S1,
S2, and SF. In the first subset (Box 1) of Berlin and that of Seoul, where the vertical layer of each city
had almost no missing values, S2 showed better classification results than S1 (Figure 7). Compared to
the Google Earth images, the region packed with many mid-rise buildings in Berlin was well classified
as LCZ2 in S2 while some of them were misclassified as LCZ8 in S1 (Figure 9a). For Seoul, S2 well
divided the distinct boundary between mid-rise and high-rise apartments (Figure 9b). This implies
that adding horizontal and vertical building information might better detect the boundary of building
complexes and correctly distinguish classes with different heights, such as LCZ4 and LCZ5, which is







Figure 7. LCZ maps with the best classification models of three schemes (S1, S2, and SF) for Berlin.
Building height and area layers fro B 2012 and OS are also included. The enlarged results of each
sche e and building co pone ts f r t s s t r ( 1 and Box 2) are presented. Box 1 was full
of building infor ation, hile Box 2 had any issing values in b il ing i for ati .
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Figure 8. LCZ maps with the best classification models of three schemes (S1, S2, and SF) for Seoul.
Building story and area layers from KNSDI are also present. The enlarged results of each scheme and
building components for two subset areas (Box 1 and Box 2) are presented. Box 1 was full of building
information, while Box 2 had many missing values in building information.
However, in the second subset (Box 2) of Berlin and Seoul, S2 did not improve the accuracy of
urban-type LCZ classification. The Box 2 of Berlin was surrounded by farmland (not shown), and the
mid-rise and low-rise buildings were located in the center of the box. S1 classified well with LCZ5,
LCZ6, and LC9, while S2 confused this area with LCZF (Figure 7). In Box 2 of Seoul, high-rise and
mid-rise housing complexes were well detected with LCZ4 and LCZ5, respectively, in S1, but none of
them were correctly detected in S2 (Figure 8). The common characteristic of these two subsets was
the empty vertical layers. Buildings in these subsets were misclassified as natural-type LCZ classes,
such as bare soil or low plants, in S2. This implies that S2 did not always produce better classification
results than S1 in either city, especially where building data were incomplete.
The LCZ maps of SF for Berlin and Seoul showed the best performance by improving the
accuracy of urban-type LCZ classes based on building data and the three conditions to improve the
misclassifications caused by the missing building data (Figures 7 and 8). For the subsets that had empty
vertical layers (i.e., Box 2), the LCZ map of SF was almost the same as that of S1. For the subsets that
had complete vertical layers, the map of SF seemed a mixture of S1 and S2 in Berlin (Box 1; Figure 7),
while it was almost the same as the map of S2 in Seoul (Box 1; Figure 8). One possible reason is that S2
of Berlin and Seoul were trained using building data with different missing rates. In the case of Berlin,
many missing values in the vertical layer were gap-filled and used for model training. With these
imperfect building components, S2 of Berlin classified some urban-type LCZs with lower confidence
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levels than S1. According to the first and third conditions of SF, the results of S2 with low PS2 values
may have been substituted by the results of S1 with high PS1 values in the first subset of Berlin (Box 1;
Figure 7). Seoul had fewer missing values than Berlin so that S2 of Seoul might have been able to
classify urban-type LCZ classes with high PS2 values then these results were maintained in SF.








  S1  S2  SF  S1  S2  SF 
LCZ1  ‐  ‐  ‐  1.1  0.3  0.4 
LCZ2  1.4  1.3  1.4  3.4  2.8  2.9 
LCZ3  ‐  ‐  ‐  9.0  9.6  10.2 
LCZ4  1.3  2.0  2.0  11.5  9.3  11.2 
LCZ5  5.8  3.4  4.5  4.3  3.7  6.3 
LCZ6  10.2  10.5  11.4  5.1  2.7  5.5 
LCZ7  ‐  ‐  ‐  ‐  ‐  ‐ 
LCZ8  4.9  2.4  4.7  2.9  1.0  2.8 
LCZ9  5.6  4.8  5.9  ‐  ‐  ‐ 
LCZ10  ‐  ‐  ‐  ‐  ‐  ‐ 
LCZA  25.7  25.5  25.1  24.4  23.2  23.1 
LCZB  11.8  17.1  12.8  22.3  28.1  23.9 
LCZC  6.8  6.3  5.8  ‐  ‐  ‐ 
Figure 9. Detailed comparison of S1, S2, and SF in the first subset domain (Box 1) in Figure 8 for Berlin
(a) and Seoul (b). Google Earth images of each region are also presented.
Table 5 shows the ratio of each LCZ class area to the total area on the maps of S1, S2, and SF.
Compared to S1, the percentage of urban-type LCZ classes (LCZ1-10) in both Berlin and Seoul increased
by about 1% in SF. Within the urban-type LCZ of Berlin, the ratio of LCZ5 decreased by about 1.3%
in SF compared to S1, and LCZ6 increased by about 1.2%. In S1, LCZ6 and other urban-type LCZs
were often confused with LCZ5 (Figure 6). LCZ5 (open mid-rise) and LCZ6 (Open low-rise) might
be well classified in SF based on the building height data. For Seoul, the ratio of LCZ3 and LCZ5 in
SF increased by about 1–2% compared to S1. This might be because LCZ3 (compact low-rise) was
confused with LCZ2 (Compact mid-rise), and LCZ5 was misclassified into several other LCZ classes
(i.e., LCZ4) in S1. On the other hand, LCZ3 and LCZ5 were generally well classified in SF (Figure 6).
Moreover, in S2, the ratios of some natural-type LCZs in both cities (LCZB and F for Berlin and LCZB
and D for Seoul) were significantly higher than those of S1 and SF (Table 5). One possible reason is due
Remote Sens. 2020, 12, 3552 17 of 22
to the misclassification of urban-type to natural-type LCZs caused by incomplete building information.
The problem has been improved in SF, resulting in the ratios for the natural-type LCZs similar to S1.
Table 5. The area ratio of each LCZ class to the total area on the maps of S1, S2, and SF for both Berlin
and Seoul.
Berlin Seoul
S1 S2 SF S1 S2 SF
LCZ1 - - - 1.1 0.3 0.4
LCZ2 1.4 1.3 1.4 3.4 2.8 2.9
LCZ3 - - - 9.0 9.6 10.2
LCZ4 1.3 2.0 2.0 11.5 9.3 11.2
LCZ5 5.8 3.4 4.5 4.3 3.7 6.3
LCZ6 10.2 10.5 11.4 5.1 2.7 5.5
LCZ7 - - - - - -
LCZ8 4.9 2.4 4.7 2.9 1.0 2.8
LCZ9 5.6 4.8 5.9 - - -
LCZ10 - - - - - -
LCZA 25.7 25.5 25.1 24.4 23.2 23.1
LCZB 11.8 17.1 12.8 22.3 28.1 23.9
LCZC 6.8 6.3 5.8 - - -
LCZD 20.7 20.7 20.7 13.2 16.4 10.8
LCZE - - - - - -
LCZF 2.1 4.5 2.2 - - -
LCZG 3.7 1.5 3.4 2.8 2.9 2.9
4.3. Impact of Missing Building Information
Figure 10 shows the accuracy assessment results when removing building components in the
test data at different rates (0%, 20%, 40%, 60%, 80%, and 100%). S1 showed the constant results in
all OA indices because S1 used only RS images so that the removals of building data did not affect
the results of S1. When compared to S1, OA, OAurb, and OAu of S2 decreased with the increasing
removal rate for both cities. The decline of OAurb for the two cities was similar from 0 to 40%
removal rates. However, with the removal rate >40%, OAurb sharply decreased for Seoul compared to
the OAurb of Berlin (Figure 10c,d). For the compact and complex urban environments found in Seoul,
the building components could highly affect mapping accuracy on LCZ classification. For relatively
mid-density cities like Berlin, on the other hand, the RS-based input data seems to complement the
incomplete building data relatively well. Interestingly, the OAurb and OAu sharply decreased when all
buildings were removed, when compared to the lower removal rates (i.e., 80% removal). One possible
reason is that, if there is minimal building information, the region could be classified as at least an
urban-type LCZ, but if building information is completely omitted, the region has a high possibility
of being classified as a natural-type LCZ. In addition, it is not surprising that the accuracy of S2
significantly decreased with the increasing removal building rate for compact urban-type LCZ (LCZ2
for Berlin and LCZ1-3 for Seoul), compared to other LCZ classes based on the F1-score (Figure S1).
It should be noted that the OA, OAurb, and OAu of SF were higher or comparable to those of S1,
even when the removal rate increased to 100% for two cities. In our suggested SF methodology,
regions with missing building information are easily distinguishable from the natural areas that actually
have no buildings.
4.4. Novelty, Limitations, and Future Directions
To our knowledge, this is the first study conducted to improve LCZ classification accuracy based on
building information (area and height) and satellite data through a CNN-based classification approach.
While some studies have used building data, such as OSM, as an input variable of CNN or canonical
correlation forest (CCF) models [17,45], they did not use the quantitative characteristics of buildings,
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such as height. In particular, this study proposed a novel method that uses the classification confidence
of CNN to search for regions of incomplete building data. The positive effect of the inclusion of
building characteristics was shown by the significant improvement in LCZ classification accuracy.
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Figure 10. Accuracy assessment results (OA (a,b), OAurb (c,d) and OAu (e,f)) of three schemes with
removing building components at different rates (0%, 20%, 40%, 60%, 80%, and 100%) for Berlin (a,c,e)
and Seoul (b,d,f).
One limitation of the proposed method is the difficulty of transferring this model from one city
to another. The sources of the building data are different for each city. Moreover, each city has different
standards for height (or the number of stories) that distinguish high-rise from low-rise buildings due
to unique urban environments [21]. However, until recently, many studies produced an LCZ map
for each city based on the WUDAPT workflow [46–48]. Therefore, if building data are available for
these cities, a more accurate LCZ map could be produced for each city, based on the suggested method
of this study.
The three conditions used for our proposed scheme fusion also have limitations. Although the
two cities in this study (Berlin and Seoul) were selected to show the general use of this method,
the incomplete building data could not be fully filtered by the three conditions. However, there have
been several recent attempts to fill the data gaps. Urban footprint extraction techniques have been
proposed based on deep learning models [49,50]. In addition, some studies have attempted to
estimate building height using a synthetic aperture radar (SAR) [51–53]. By utilizing these methods,
more complete and accurate building characteristic data could be used for CNN to produce higher
quality LCZ maps.
Recently, research has been conducted to extract building height using medium-resolution SAR
images on a continental scale [51,52], but the spatial resolution (i.e., 0.5–2 km) and accuracy are not yet
sufficiently fine for LCZ mapping. In the future when the open-access global urban footprint data
Remote Sens. 2020, 12, 3552 19 of 22
or high-resolution building height extracted from free RS images data are provided, our suggested
method will be an excellent option to produce a higher accuracy global LCZ map.
5. Conclusions
This study proposed a novel method to combine the RS data and building information to improve
CNN-based LCZ classification accuracy. Three schemes (i.e., S1, S2, and SF) were constructed for
Berlin and Seoul. S1 used only RS data, S2 used RS data and building data together, and SF fused
S1 and S2 to compensate for incomplete building data. Compared to S1, SF increased accuracy
by about 3–4% in OA and about 7–9% in OAurb for both cities. This study revealed that adding
building data improved urban-type LCZ classification accuracy by providing horizontal and vertical
information about buildings. This study also showed that the incompleteness of building data
caused misclassifications that could be compensated by SF. Some pixels of SF, however, still showed
misclassified results, because they could not be perfectly filtered by the suggested three conditions.
More precise conditions for scheme fusion need to be tested to develop more accurate LCZ maps in
the future. This study provided the first comprehensive assessment of classification performance when
building datasets were added as input variables for a CNN-based approach. When high-resolution
urban footprint and height data are provided on a global scale, this suggested method will give
directions on using building components to produce a global LCZ map with high accuracy in a deep
learning-based approach.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/12/21/3552/s1,
Figure S1. The variation of F1-scores of three schemes with removing building components at different rates
(20%, 40%, 60%, 80%, and 100%)
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